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Abstract—This paper proposes a methodology of model 
predictive control for alleviating shallow drowsiness of office 
workers and thus improving their productivity. The 
methodology is based on dynamically scheduling setting values 
for air conditioning and lighting to minimize drowsiness level of 
office workers on the basis of a prediction model that represents 
the relation between future drowsiness level and combination of 
indoor temperature and ambient illuminance. The prediction 
model can be identified by utilizing state-of-the-art drowsiness 
estimation method. The proposed methodology was evaluated in 
regard to a real routine task (performed by six subjects over five 
workdays), and the evaluation results demonstrate that the 
proposed methodology improved the processing speed of the 
task by 8.3% without degrading comfort of the workers. 
I. INTRODUCTION 
Although automation technologies driven by artificial 
intelligence and robotics have been replacing some jobs of 
workers, they does cannot replace all of jobs for some time in 
the future [1]. Therefore, schemes that support activities 
involved in production by workers must be continuously 
devised. Various approaches to support such work-production 
activities are available; as one approach, providing an 
appropriate work environment can contribute to workers 
achieving high productivity. 
Previous fundamental studies [2][3][4][5] clarified the 
relation between work efficiency and indoor temperature 
(IDT) or ambient illuminance (AMI). The author also assumes 
the possibility of improving productivity of office workers by 
utilizing air-conditioning (AC) and lighting (LT)4. Especially, 
the author assumes that the productivity can be improved by 
alleviating drowsiness during work time. Drowsiness level 
(DL) can be quantified from eyelid motion of a worker in real-
time by estimation methods [6][7][8][9] which have become 
more practical in recent years. 
Previous studies [10][11] reported that a subject was made 
more awake when the ambient environment had either low 
IDT or high AMI. It was also reported that a subject who was 
less drowsy achieved higher performance when doing basic 
tasks [11][12]. As part of an investigation, the author 
previously measured DL of workers doing routine tasks with 
an estimation method proposed in a previous study [6]. Figure 
1 shows a histogram of DL of workers for each routine task, 
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and it shows that DL in the range of 1.5 to 2.5 approximately 
accounts for 40% of the total. This result indicates that workers 
are not always awake but do their task while shallowly drowsy. 
Considering these results, the author believe that productivity 
of office worker can be improved by alleviating this shallow 
drowsiness.  
To the best knowledge of the author, a technology for 
automatically controlling ambient environment with AC and 
LT on the basis of monitored DL to improve productivity of 
office has not been studied. Moreover, model predictive 
control (MPC) [13][14] which can systematically achieve high 
control performance with multiple control equipment (e.g., 
AC and LT) and needing less tuning has not been applied. 
Neither conventional classical feedback nor rule-based control, 
which are designed with experimental trial-and-error and 
technical knowhow, can provide these advantage of MPC. 
In the present study, the author thus aimed to create a 
control methodology for minimizing DL of office workers by 
adjusting AC and LT on the basis of MPC framework. The 
proposal methodology is dynamically computing schedule of 
setting values of AC and LT from hour to hour to minimize 
DL by using prediction models of DL, IDT, and AMI. The 
prediction model for DL which represents the relation between 
future DL and combination of IDT and AMI can be identified 
with past data of them as training data. 
The contribution of this paper is twofold: presenting a 
unprecedented control methodology for shallow drowsiness 
based on an MPC framework; and evaluating the methodology 
in terms of objectively measured productivity of office 
workers in consideration of their comfort (hereinafter, the 
4When becoming more efficient, a worker can obviously do many more 
tasks or complete them more quickly. Moreover, a worker can also achieve 
better performance in regard to creative non-routine tasks with the benefit of 
time and/or mental space additionally obtained [19][20]. It can be expected 
that making routine tasks more efficient will lead to better performance in 
regard to whole work because routine and non-routine tasks coexist generally 
for most workers and a certain amount of routine tasks is inevitably done, 
although there are various types of business category and assignment. 
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Figure 1. Histogram of worker's drowsiness level for each routine task. 
  
methodology is called “D-MPC”). A real routine task, as 
opposed to quasi tasks, was used for the evaluation. The 
evaluation results show that processing speed measured as 
objective index is increased. The author believe that these 
evaluation results show not only basic technical data but also 
the effectiveness at the point of utility when D-MPC is 
introduced into a real workplace such as an office.  
This paper is structured as follows. In Section II, the 
proposed control system and its methodology are described. In 
Section III, the evaluation method is described in detail. In 
Section IV, the evaluation results are presented and discussed. 
Finally, in Section V, conclusions derived from these results 
are drawn. 
II. PROPOSAL METHODOLOGY 
A. System architecture and control policy 
Figure 2 shows the architecture of the proposed control 
system, which executes D-MPC to alleviate shallow 
drowsiness. The edge device captures and analyzes eyelid 
motion of a worker via the web camera installed on the head 
of individual operated monitor in an office environment. From 
the result of that analysis, it estimates the value of DL [6].The 
edge device sends the estimated value of DL and values of IDT 
and AMI measured by sensor placed on the office desk to the 
server. The server executes calculation of D-MPC, which 
determines setting values of AC and LT by using received data 
as current state. The server sends these calculated setting 
values to the AC and LT. The AC and LT then operate 
according to the setting values received from the server. 
As for the proposed control system, IDT and AMI are 
adopted as control inputs of D-MPC because available control 
elements are setting of values of IDT for AC and the same of 
brightness for LT in common office buildings. Airflow (i.e., 
volume/direct), radiation heat, color temperature, aroma, and 
sound were excluded from the control elements because of 
difficulty to operate them for individual comfort and/or their 
high system cost. 
In D-MPC, schedule of the setting values for AC and LT 
are calculated at a constant interval by using the latest 
estimated/measured values of DL, IDT, and AMI. In particular, 
the schedule can be calculated as not only IDT kept low and/or 
AMI kept high but also IDT and/or AMI temporally raised to 
lowered and vice versa by considering DL transition in the 
future. These changes of IDT and/or AMI have possibility to 
interact drowsiness as stimulus for awakening. Furthermore, 
D-MPC runs proactively to prevent workers from getting 
drowsy even though their DLs are still low. By contrast, the 
conventional naive controls work at higher DL which is set as 
a threshold, and it is difficult for them to run proactively.  
B. Details of model predictive control 
This subsection describes the detailed calculation method 
of D-MPC introduced in the previous subsection. The 
calculation of D-MPC is formulated as a mathematical 
programming problem defined as a combination of the 
following (1)-(8), where (1) is an objective function, (2) to (4) 
are vector expressions regarding the schedule of the setting 
values for AC and LT, (5) to (7) are prediction models for DL, 
IDT, and AMI, and (8) is a constraint condition regarding 
comfort of workers. 
𝑼∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑼≤𝑼≤𝑼
1
𝒲𝒯
∑∑𝐷𝑖,𝑡
𝒯
𝑡=1
𝒲
𝑖=1
, (1) 
where 𝐷𝑖,𝑡 is time-averaged predicted value of DL of worker 
𝑖 at time step 𝑡-th, where the size of the time step is given as 
constant 𝜏; 𝒲 is number of workers, 𝒯 is number of time 
steps; 𝑼 is a vector representing the schedule of the setting 
values for AC and LT; 𝑼 and 𝑼 which are configured in 
advance as setting parameters are respectively the upper and 
lower bound of 𝑼; 𝑼∗ is 𝑼 minimizing averaged 𝐷𝑖,𝑡  for 
all workers and time steps within the range between the upper 
and the lower bound, 𝑼 and 𝑼. 
𝑼 = [𝑇1
(𝑠), … , 𝑇𝒯
(𝑠), 𝐿1
(𝑠), … , 𝐿𝒯
(𝑠)]
⊤
, (2) 
where 𝑇𝑡
(𝑠)
 and 𝐿𝑡
(𝑠)
 are respectively the setting value of IDT 
for the AC and AMI for the LT at time step 𝑡-th. 
𝑼 = [𝑇(𝑠), … , 𝑇(𝑠)⏟      
𝒯
, 𝐿(𝑠), … , 𝐿(𝑠)⏟      
𝒯
]
⊤
, (3) 
where 𝑇(𝑠) and 𝐿(𝑠) are respectively the lower bound of the 
setting value of IDT for the AC and AMI for the LT. 
𝑼 = [𝑇
(𝑠)
, … , 𝑇
(𝑠)
⏟      
𝒯
, 𝐿
(𝑠)
, … , 𝐿
(𝑠)
⏟      
𝒯
]
⊤
, (4) 
where 𝑇
(𝑠)
 and 𝐿
(𝑠)
are respectively the upper bound of the 
setting value of IDT for the AC and AMI for the LT. 
𝐷𝑖,𝑡 = 𝑓𝐷(𝐷𝑖,𝑡−1, 𝐷𝑖,𝑡−1
+ , 𝐷𝑖,𝑡−1
− , 𝑇𝑡 , 𝑇𝑡
+, 𝑇𝑡
−, 𝐿𝑡 , 𝐿𝑡
+, 𝐿𝑡
−, 𝐸𝑖,𝑡), (5) 
where 𝑓𝐷 is a prediction model for DL formulated as a linear 
regression model; 𝑇𝑡  and 𝐿𝑡  are respectively the time-
averaged prediction value of IDT and AMI at time step 𝑡-th. 
𝐸𝑖,𝑡 is awakening effort of worker 𝑖 at time step 𝑡-th and it 
is defined as standard deviation (SD) of instant values of DL 
within the time step. Notation 𝑋𝑡
+ represents the increment 
between time steps 𝑡-th and (𝑡 − 1)-th defined as 𝑚𝑎𝑥{𝑋𝑡 −
𝑋𝑡−1, 0} . Similarly, notation 𝑋𝑡
−  represents the decrement 
between time step 𝑡 -th and ( 𝑡 − 1) -th defined as 
𝑚𝑎𝑥{𝑋𝑡−1 − 𝑋𝑡 , 0}. It is defined here that the start time for 
executing the calculation of D-MPC is within time step 𝑡 = 0. 
Instead of predicted values, estimated and/or measured values 
are used for 𝐷𝑖,𝑡, 𝑇𝑡, 𝐿𝑡, and 𝐸𝑖,𝑡 when 𝑡 ≤ 0. In addition, 
 
Figure 2. System architecture 
  
it is assumed that 𝐸𝑖,𝑡 = 𝐸𝑖,0, ∀𝑡 ∈ {1,2, … , 𝒯} . Note that 
explanatory variables 𝑇𝑡
+ , 𝑇𝑡
− , 𝐿𝑡
+ , and 𝐿𝑡
−  play an 
important role for the control behavior of D-MPC changing 
IDT/AMI from low to high and vice versa. 
𝑇𝑡 = 𝑓𝑇(𝑇𝑡−1, 𝑇𝑡
(𝑠))
= {
𝑘+𝑇𝑡
(𝑠) + (1 − 𝑘+)𝑇𝑡−1 𝑇𝑡
(𝑠) ≥ 𝑇𝑡−1
𝑘−𝑇𝑡
(𝑠) + (1 − 𝑘−)𝑇𝑡−1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 
(6) 
where 𝑓𝑇  is a prediction model of IDT formulated as an  
approximate model of a first-order lag system; 𝑘+ and 𝑘− 
are coefficients regarding raising and lowering of IDT, 
respectively. This prediction model also plays an important 
role because IDT change rate which relates degree of stimulus 
can be accurately considered. 
𝐿𝑡 = 𝑓𝐿(𝐿𝑡−1, 𝐿𝑡
(𝑠)), (7) 
where 𝑓𝐿 is a prediction model of AMI formulated as a linear 
regression model. 
𝑝𝑇|𝑇𝑡 − 𝑇
(𝑐)| + 𝑝𝐿|𝐿𝑡 − 𝐿
(𝑐)| ≤ 𝑃, ∀𝑡 ∈ {1,2, … , 𝒯}, (8) 
where 𝑇(𝑐), 𝐿(𝑐), 𝑝𝑇 , 𝑝𝑇 , and 𝑃 are configured in advance 
as setting parameters. Here, 𝑇(𝑐)  and 𝐿(𝑐) are respectively 
comfortable IDT and AMI; 𝑝𝑇  and 𝑝𝐿  are respectively 
comfort-penalty coefficients regarding degree of comfort 
violation defined as absolute error between actual and comfort 
values, namely |𝑇𝑡 − 𝑇
(𝑐)|  and |𝐿𝑡 − 𝐿
(𝑐)| . Hence, (8) 
represents the constraint where the total of normalized 
individual comfort penalties of different comfort factors (i.e., 
IDT and AMI) should be less than or equal to the configured 
value 𝑃. Therefore, this constraint is expected to be a function 
preventing IDT and AMI from becoming “uncomfortable” 
values at the same time. 
The mathematical programming problem defined as (1)-
(8) can be solved by differential evolution [15][16] which is 
one of optimization algorithms, and 𝑼∗ is obtained as a result 
of optimization. The optimization is executed and the obtained 
𝑼∗ is sent to the AC and the LT as the setting values at the 
same constant interval 𝜏 as the size of the time step. 
III. EVALUATION METHOD 
A.  Protocol 
To evaluate the effectiveness of D-MPC, an experiment 
were conducted with healthy subjects, with uniform age and 
sex, who were selected and dispatched by a different company 
from that of the authors. Note that the authors and the subjects 
are not in a relationship creating a conflict of interest. The 
author explained to the subjects the contents of the experiment 
where their biological information and performance at work 
were measured under varied conditions of IDT and AMI. 
However, the subjects were not given the information about 
when IDT and AMI were changed and how their performance 
could change during the experiment. Besides, their activities 
during off-time were not limited. 
                                                          
5Labeling task is a kind of annotation that is a major and important task in 
research and development of technologies based on machine learning. It is 
Table I shows detailed information about the six subjects. 
Subjects S1, S4, and S5 had experience of the task described 
in the next subsection. They were proficient at the task because 
an average person can master the task within four to five days. 
Figure 3 shows the experiment environment. It is in the 
facility of the author, but we did not enter it during the 
experiment to reduce psychological influence of us on the 
subjects. 
Table II shows the schedule of the experiment. Case 1 
targets a cooling operation in the summer, and Case 2 targets 
a heating operation in the winter. In Table II, NOC represents 
the case of no control of AC/LT, MPC-1 represents the case of 
D-MPC applied to AC only, and MPC-2 represents the case of 
D-MPC applied to both AC and LT. The setting values of IDT 
for AC and brightness for LT were respectively kept constant 
as 𝑇(𝑐) and 𝐿(𝑐) in the case the AC/LT were not controlled. 
To reduce the influence of proficiency of the task, acclimation 
to the experiment environment, and psychological effects (e.g., 
primacy/recency effect), the subjects additionally did the task 
for five workdays before the experiment period and for over 
three workdays after it. IDT and AMI were changed day-by-
day for five days before the experiment period. The purpose of 
this procedure is prior experience to reduce psychological 
effects due to being unacclimated to change of IDT and AMI.  
B. Task and work condition 
As a real routine work, the subjects did the labeling task5 
mentioned in a previous study [6]. The sequence of the 
labeling task is as follows: first, viewing a facial video for 10 
not easily replaced by automation technologies and will exist for the 
foreseeable future. 
Figure 3. Experiment Environment  
TABLE II. SCHEDULE OF EXPRIMENT. 
Experiment Control Date (in 2018) Days 
Case 1 NOC Sep: 4th,18th~21st 5 
 MPC-1 Sep: 6th,25th~28th 5 
 MPC-2 Sep: 7th,11th~14th 5 
Case 2 NOC Dec: 3rd~7th,19th,20th 7 
 MPC-1 - 0 
 MPC-2 Dec: 10th~14th,17th,18th 7 
 
TABLE I. DETAILED INFORMATION OF SUBJECT. 
Subject ID S1 S2 S3 S4 S5 S6 
Sex  F M M F F M 
Age [y/o] 37 30 42 48 41 23 
HT [cm] 150 165 175 160 150 175 
WT [kg] 50 65 65 60 50 55 
Exp [month] 1.2 0 0 3.2 1.2 0 
 
  
seconds; second, evaluating DL of the facial video on a scale 
of 1 to 5 in accordance with the criterion shown in Table III; 
and third, inputting the evaluated value into a spreadsheet. 
Before the experiment, substantial amount of facial video was 
prepared, and individual facial video was shuffled so as not to 
be evaluated in series of the same face and same time period.  
The working time period was 10:00-17:00, but the subjects 
did not work in 12:00-13:00 as their lunch break. The subjects 
were allowed to take short breaks (e.g., for the toilet), absent 
themselves, and leave early for their own reasons. If a subject 
was late for any reason (e.g., delay of transportation), he/she 
immediately started working after arriving at the experiment 
environment. 
In addition to the labeling task, the subjects answered a 
questionnaire via their web browser every hour on the hour. 
The questionnaire was regarding subjective evaluation on 
drowsiness, comfort, and so on. 
C. Evaluation index 
Evaluation indices regarding productivity, DL, and 
comfort are defined as follows. 
In the evaluation, productivity is defined as averaged 
processing speed [labels/h] for each subject. Averaged 
processing speed was calculated by averaging processing 
speed for each workday. Processing speed was calculated as 
the value given by number of labels divided by actual working 
time in a day. Number of labels is the amount that a subject 
processed in the day, and actual working time is the time 
between the start and end of work except lunch break of one 
hour. 
Two types of DL were evaluated. The first one is an 
estimated value calculated by the method used in a previous 
study [6] (learning data: 45 subjects; estimation accuracy: 
R=0.82/MAE=0.40). The second one is a subjective 
evaluation collected from the answers to the questionnaire. 
The subjects answered their subjective evaluation of their own 
DL in accordance with the criterion shown in Table III. 
Two types of comfort were evaluated. Thermal comfort 
and comfort of brightness were subjectively evaluated in a 
similar way to that for evaluating the subjective DL. The 
subjects answered their subjective evaluation of their own 
comfort in accordance with the criterion shown in Table IV. 
To reduce the influence of lack of sleep on accurate 
evaluation, the data obtained when the sleep time of a subject 
is less than or equal to four hours were excluded, because mean 
sleep time of the subjects is about six hours. Only data from 
S3 (Case 1: 3 days; Case 2: 4 days) were excluded. 
D. Parameters 
Table V and VI show the parameters of D-MPC configured 
for the experiment. Parameters 𝑇(𝑐), 𝐿(𝑐), 𝑝𝑇 , 𝑝𝐿 , 𝑃, 𝑇
(𝑠), 
𝑇
(𝑠)
, 𝐿(𝑠), and 𝐿
(𝑠)
 relating to comfort were determined to 
make the subjects comfortable in reference to international 
standards [17][18] and the results of the questionnaire. 
Parameters 𝒯  and 𝜏  relating to time were determined by 
doing trial-and-error until reasonable control behavior was 
obtained.  
The regression coefficients of 𝑓𝐷  are identified by a 
method of parameter estimation with learning data of 57 
subjects in Case 1 and 51 subjects in Case 2. The model 
coefficients of 𝑓𝑇  (i.e., 𝑘
+  and 𝑘− ) were identified by a 
method of parameter estimation with learning data for the 
latest two weeks. The regression coefficients of 𝑓𝐿  are 
identified by a method of parameter estimation with learning 
data for one day when the setting value of LT was varied to 
cover the entire range of it.  
TABLE III. CRITERION FOR DROWSINESS LEVEL. 
Drowsiness level Descriptions 
1: Not drowsy at 
all (awake) 
Fast and frequent gaze motions; 
stable eye blink; active body motions. 
2: Slightly drowsy Slow gaze motions; lips opening. 
3: Drowsy Slow and frequent eye blinks; posture 
adjusting; mouth moving; face 
touching. 
4: Significantly 
drowsy 
Frequent yawn; unnecessary body 
movements; slow eye blink or gaze 
motions; deep breaths. 
5: Extremely 
drowsy 
Eyelids closing; head tilting 
forward/backward. 
 
TABLE IV. CRITERION FOR SUBJECTIVE COMFORT LEVEL. 
Comfort level Descriptions 
0 Unaware; comfortable. 
+1/-1 Unaware when concentrating; 
Slightly hot/cold or bright/dark. 
+2/-2 Aware but tolerable; 
Moderately hot/cold or bright/dark. 
+3/-3 Intolerable; 
Significantly hot/cold or bright/dark. 
 
TABLE V. SETTINGS OF COMMON PARAMETERS. 
𝜏 𝒯 𝑇(𝑐) 𝑝𝑇 𝐿
(𝑠) 𝐿
(𝑠)
 𝐿
(𝑐) 𝑝𝐿 𝑃 
[h]  [℃] [/℃] [lx] [lx] [lx] [/lx]  
0.25 4 26.0 0.5 450 750 600 150 2 
 
TABLE VI. SETTINGS OF PARAMETERS IN EACH CASE 
Experiment 
𝒲 𝑇(𝑠) 𝑇
(𝑠)
 
 [℃] [℃] 
Case 1 5 (S1~S5) 25.5 26.5 
Case 2 6 (S1~S6) 25.0 27.0 
 
 
Figure 4. Result of setting values in Case 1 (11th Sep.). 
 
Figure 5. Result of setting values in Case 2 (14th Dec.). 
  
IV. EVALUATION RESULTS 
A. Results 
Figure 4 and 5 respectively show examples of setting 
values determined by D-MPC (MPC-2) in Case 1 and Case 2. 
It can be seen that D-MPC dynamically determined setting 
values for AC/LT in both cases. The setting value for AC was 
not purely lowered but adaptively changed to minimize DL. In 
the same manner, the setting value of LT was not purely raised 
but also adaptively changed so as not to violate the comfort 
constraint. In Case 1, the setting value for AC was kept low so 
as to quickly lower the high IDT in the period 10:45-12:00, 
and so on when IDT was not lowered as usual because the AC 
was not working well for some reason (e.g., high outside 
temperature). In Case 2, the setting value for LT was 
occasionally lowered to satisfy the constraint condition (8) for 
maintaining comfort in the period 10:00-10:30, 15:15, and so 
on when IDT was too low because of the AC was not working 
well. 
Table VII shows comparison of processing speeds of each 
subject in Case 1. In the cases of both MPC-1 and MPC-2, 
average processing speed of all subjects (appearing at row 
“ALL”) tended to be improved. MPC-2 surpassed MPC-1 
regarding speed-up, and that result means the combination of 
AC and LT could be more effective than AC alone. However, 
that is not always true for individual subjects. Subject S4 
achieved higher processing speed in both MPC-1 and MPC-2; 
however, subject S2 and S5 achieved higher processing speed 
in MPC-1 than MPC-2. Similarly, Table VIII shows 
comparison of processing speeds of each subject in Case 2. It 
can also be seen that a slightly low but comparable level of 
improvement regarding processing speed was obtained by D-
MPC. 
Table IX shows comparison of DLs in Case 1. DL(est) and 
DL(sbj) in the table respectively mean estimated value of DL 
and subjective evaluation of DL. Subjective evaluation of DL 
was improved in the cases of MPC-1 and MPC-2; however, 
estimated value of DL was improved less. Similarly, Table X 
shows comparison of DLs in Case 2. Subjective evaluation of 
DL was improved less, and estimated valued of DL was 
slightly degraded. These results are discussed in the next 
subsection. 
Table XI and XII respectively shows comparison of 
subjective comfort levels in Case 1 and Case 2. TH(sbj) and 
BR(sbj) in the table respectively mean rate of comfort 
response, that is defined as the rate between number of total 
answers and number of answers within the range from -1 to +1, 
regarding thermal comfort and the same of brightness comfort. 
NOC, MPC-1, and MPC-2 show almost no difference. In other 
words, D-MPC did not sacrifice comfort. 
B. Discussion 
The causes of the improvement of DL as compared to 
processing speed are described hereafter.  
First, it is presumed that control of AC/LT without 
sacrifice of comfort had small room for improvement of DL 
and the degree of the improvement was as much as the result 
of the experiment  
Second, it was possible that even a small improvement of 
DL (<0.2) can considerably influence productivity.  
TABLE VII. COMPARISON OF PROCESSING SPEED IN CASE 1 
Subject 
NOC MPC-1 MPC-2 
Mean 
(SD/N) 
Mean 
(SD/N) 
Speed-up 
[%] 
Mean 
(SD/N) 
Speed-up 
[%] 
S1 534.0 559.6 +4.8 596.9 +11.8 
 (53.1/5) (66.9/2) (p=.385) (64.2/4) (p=.109) 
S2 426.4 469.7 +10.2 423.4 -0.7 
 (69.9/4) (39.7/5) (p=.195) (54.4/5) (p=.477) 
S3 355.8 376.5 +5.8 398.0 +11.8 
 (46.6/4) (26.2/4) (p=.268) (16.8/4) (p=.110) 
S4 432.3 482.3 +11.6 512.0 +18.4 
 (13.4/4) (21.9/4) (p=.010) (59.3/5) (p=.027) 
S5 394.7 405.5 +2.7 390.9 -1.0 
 (44.0/4) (41.6/3) (p=.397) (39.8/5) (p=.456) 
ALL 428.6 458.7 +6.8 464.2 +8.3 
   (p=.007)  (p=.052) 
 
TABLE VIII. COMPARISON OF PROCESSING SPEED IN CASE 2 
Subject 
NOC MPC-1 MPC-2 
Mean 
(SD/N) 
Mean 
(SD/N) 
Speed-up 
[%] 
Mean 
(SD/N) 
Speed-up 
[%] 
S1 427.0 - - 532.9 +24.8 
 (49.4/6)   (185.4/7) (p=.221) 
S2 488.5 - - 502.6 +2.9 
 (18.5/7)   (32.2/7) (p=.188) 
S3 386.3 - - 468.4 +21.3 
 (47.9/7)   (39.5/3) (p=.036) 
S4 375.1 - - 423.0 +12.8 
 (20.0/6)   (26.5/7) (p=.003) 
S5 385.4 - - 365.3 -5.2 
 (61.4/6)   (69.6/6) (p=.313) 
S6 648.9 - - 594.6 -2.6 
 (62.9/6)   (70.8/7) (p=.348) 
ALL 445.4 - - 481.1 +8.0 
     (p=.076) 
 
TABLE IX. COMPARISON OF DROWSINESS LEVEL IN CASE 1 
Index 
NOC MPC-1 MPC-2 
Mean 
(SD) 
Mean 
(SD) 
Difference Mean 
(SD) 
Difference 
DL 1.72 1.71 +0.01 1.70 +0.02 
(est) (0.38) (0.39) (p=.901) (0.37) (p=.550) 
DL 1.55 1.35 +0.20 1.45 +0.10 
(sbj) (0.84) (0.62) (p=.015) (0.74) (p=.238) 
 
TABLE X. COMPARISON OF DROWSINESS LEVEL IN CASE-2 
Index 
NOC MPC-1 MPC-2 
Mean 
(SD) 
Mean 
(SD) 
Difference Mean 
(SD) 
Difference 
DL 1.53 - - 1.59 -0.06 
(est) (0.31)   (0.34) (p<.001) 
DL 1.57 - - 1.54 +0.03 
(sbj) (0.89)   (0.82) (p=.698) 
 
TABLE XI. COMPARISON OF COMFORT LEVEL IN CASE 1 
Index 
NOC MPC-1 MPC-2 
Mean 
(SD) 
Mean 
(SD) 
Difference Mean 
(SD) 
Difference 
TH 81.5% 91.4% +9.9 79.7% -1.8 
(sbj rate) (38.8%) (28.0%) (p=.008) (40.3%) (p=.659) 
BR 98.8% 100.0% +1.2 100.0% +1.2 
(sbj rate) (10.8%) (0.0%) (p=.158) (0.0%) (p=.158) 
 
TABLE XII. COMPARISON OF COMFORT LEVEL IN CASE 2 
Index 
NOC MPC-1 MPC-2 
Mean 
(SD) 
Mean 
(SD) 
Difference Mean 
(SD) 
Difference 
TH 90.1% - - 92.1% +2.0 
(sbj rate) (29.9%)   (27.0%) (p=.401) 
BR 99.7% - - 98.6% -1.1 
(sbj rate) (5.7%)   (11.9%) (p=.160) 
 
  
Third, it was possible that accuracy and/or resolution of 
measured DL, especially in the range of 1 to 2, was not enough 
for the evaluation with the experiment. As the reason for that 
insufficiency of accuracy and/or resolution, it is presumed that 
it was difficult to estimate DL minutely from eyelid motion 
and to quantify DL precisely from recognition of the subject's 
own bodily state. However, it is presumed that D-MPC, 
especially the prediction model for DL, is not influenced much 
by the above-mentioned issue regarding accuracy and/or 
resolution of DL estimation. Specifically, it is presumed that 
there were less influence to identification of the regression 
coefficients of 𝑓𝐷 because of learning data. For the learning 
data of 𝑓𝐷, DL had distributed within in the range of 1 to 3, 
and the range wider than estimation error of DL (MAE=0.40) 
resulted in valid identification of the regression coefficients.  
Fourth, it was possible that DL estimation accuracy was 
degraded in MPC-2 of Case 2 because relative humidity was 
10-15% lower than the same in NOC due to outside condition. 
Lower relative humidity could increase eye blinking, resulting 
in overestimation of DL relative to actual DL. 
For more reliable and consolidated evaluation on the 
relation between productivity and drowsiness, it is expected 
that the above-mentioned points are considered in future works. 
V. CONCLUSION 
This paper proposed a methodology of model predictive 
control for alleviating shallow drowsiness of office workers 
and thus improving their productivity. The methodology is 
based on dynamically scheduling setting values for air 
conditioning and lighting to minimize drowsiness level of 
office workers on the basis of a prediction model that 
represents the relation between future drowsiness level and 
combination of indoor temperature and ambient illuminance. 
The prediction model was be identified by utilizing state-of-
the-art drowsiness estimation method. The proposed 
methodology was evaluated in regard to a real routine task 
(performed by six subjects over five workdays), and the 
evaluation results demonstrated that the proposed 
methodology improved the processing speed of the task by 
8.3% without degrading comfort of the workers. 
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